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Abstract 
This paper presents a novel discrete wavelet transform (DWT) based approach for multi-focus image fusion. The 
method is developed by setting different fusion rules for combining the coefficients of low frequency and high 
frequency sub-bands separately followed by a consistency verification process. In our method, the coefficients in the 
low frequency domain are selected based on a maximum sharpness focus measure scheme, while choosing the high 
frequency sub-bands coefficients, a maximum neighboring energy based fusion scheme is proposed. The performance 
assessment of the proposed method was conducted and compared with several conventional existing fusion methods. 
Experimental results can clearly demonstrate that the proposed method is an effective and feasible multi-focus image 
fusion algorithm.  
© 2011 Published by Elsevier Ltd. 
Selection and/or peer-review under responsibility of ICAE2011. 
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1. Introduction
Due to the limited depth of field of optical lenses in CCD devices, it is often impossible to get an image
that contains all relevant objects in focus, which means if one object in the scene is in focus, another one 
will be out of focus (blurred) [1]. The popular way to solve this problem is multi-focus image fusion, 
which integrates multiple images of different focusing goal at the same scene into a composite focusing 
sharp image so that the new image is more suitable for visualization, detection or recognition tasks [2]. 
 Up to now, many multi-focus image fusion methods have been developed. A detailed survey on this 
issue can be seen from references [3]-[4]. The simplest fusion method is to take the average of the two 
images pixel by pixel. However, this method usually leads to undesirable side effect such as reduced 
contrast [5]. Artificial neural network (ANN) has been introduced to realize multi-focus image fusion, as 
seen in reference [6]. However, the performance of ANN depends on the sample images and this is not an 
appealing characteristic. Recently, Pulse coupled neural network (PCNN) has also been introduced to 
implement image fusion, as seen in reference [7]. However, the PCNN technique is complicated and time-
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consuming. Due to the multiresolution transform can contribute a good mathematical model of human 
visual system (HVS) and can provide information on the contrast changes, the multiresolution techniques 
have then attracted more and more interest in image fusion.  
The multiresolution techniques involve two kinds, one is pyramid transform another is wavelet 
transform. However, for the reason of the pyramid method fails to introduce any spatial orientation 
selectivity in the decomposition process, the pyramid based methods often cause blocking effects in the 
fusion results [5]. Another family of the multiresolution fusion techniques is the wavelet based method, 
which usually used the discrete wavelet transform (DWT) in the fusion. Since the DWT of image signals 
produces a nonredundant image representation, it can provide better spatial and spectral localization of 
image information as compared to other multiresolution representations [8]. Therefore, the DWT based 
method has been popular widely used for remote sensing image fusion, medical image fusion, as well as 
for multi-focus image fusion [9]-[11]. 
In the DWT based image fusion, the key step is to define a fusion rule to create a new composite 
multiresolution representation. Up to now, the widely used fusion rule is the maximum selection (MS) 
scheme [5]. This simple scheme just selects the largest absolute wavelet coefficient at each location from 
the input images as the coefficient at the location in the fused image. However, as we know that the noise 
and artifacts usually has higher salient features in the image, therefore, this method is sensitive to noise 
and artifacts. In this paper, motivated by the fact that the key challenge of multi-focus image fusion is how 
to evaluate the blur of the image and then select information from the sharp image, and considering the 
physical meaning of the wavelet coefficients, a novel DWT based multi-focus image fusion method is 
presented. The main contribution of this work is that after executing DWT, the coefficients in low 
frequency sub-bands and high frequency sub-bands are treated by using different window-based fusion 
rules followed by a consistency verification process. The performance superiority of the proposed fusion 
approach is verified, when compared to that of several existing fusion methods.  
2. The proposed fusion method 
As we know that the key point of multi-focus image fusion is to decide which portions of each image 
are in better focus than their respective counterparts in the associated images and then combine these 
regions to construct a well-focused image by certain fusion rules, which play an important role in DWT 
based fusion method. The basic idea of our new method is to perform DWT on each source image in the 
first step. Then, we proposed a new fusion rule to treat the coefficients of the low frequency and high 
frequency sub-bands separately: the former are performed by a maximum sharpness based strategy, while 
the latter is performed by a maximum energy based strategy. Finally, the fused image is obtained by 
performing the inverse DWT (IDWT) on the combined wavelet coefficients, which were obtained by a 
consistency verification process from the second step.   
2.1. Fusion for low frequency sub-band coefficients
The low frequency sub-band is the original image at the coarser resolution level, which can be 
considered as a smoothed and subsampled version of the original image. Most information of their source 
images is kept in the low frequency sub-band. As we know that for multi-focus images, each of them has 
some clear information about the same scene but none of them is sufficient in terms of its information 
contents. The main idea of their fusion is to select sharply pixels from source images and combine them 
together to reconstruct the superior image in which all the pixels can be clearly focused. Therefore, here 
we proposed to employ a sharpness focus measure to select the coefficients in low frequency sub-bands. 
This measure can be used to indicate the clarity of the image pixels, and a well-focused image is expected 
to have sharper information. The sharpness focus measure is defined as: 
      2122 pGpGpG nm                                                  (1) 
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where ,  pGm  pGn  can be express by  
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After obtaining the sharpness of all pixels of the low frequency sub-bands, a maximum scheme of it is 
then performed. Because, for multi-focus image fusion, the focused pixels should produce maximum 
sharpness measure, yet the defocused pixels should produce minimum sharpness measure on the contrary.   
2.2. Fusion for high frequency sub-band coefficients 
The high frequency sub-bands contain the detail coefficients of an image, which usually have large 
absolute values correspond to sharp intensity changes and preserve salient information in the image. 
Besides, according to the wavelet transform theory, we know that the energy of the high frequency 
coefficients of a clear image is much larger than that of a blurred one. Based on this analysis and 
considering that the wavelet coefficient is related to its neighboring region, we propose a fusion scheme 
by computing the neighboring energy maximum to select the high frequency coefficients. The 
neighboring energy feature is defined as:  
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where W is the neighboring size, and33  jiH ,  denotes the weighted template. Then we perform a 
maximum selection rule on the coefficients in high frequency sub-bands, which select the coefficients 
with higher energy into the fused image. Once all the coefficients are achieved from the above two 
procedures, a consistency verification process as [5] is subsequently performed on them, the combined 
fused coefficients are thus achieved. 
3. Experimental results  
In this section, two frequently used real multi-focus image samples were tested. We have also 
compared our results with those of popular widely used pixel averaging method, the conventional Filter-
subtract-decimate (FSD) pyramid fusion method [12], and the DWT based method [11]. The test images 
are a pair of Pepsi images, which contain multiple objects at difference distances from the camera as 
shown in Figs.1 (a) and (b). Fig.1 (a) is focused on the Pepsi can, while Fig.1 (b) is focused on the testing 
card. The two images are then fused by the above four methods and their resultant images are presented in 
Figs.1 (c)-(f), respectively. From the fusion results, we can easily observe that the results of the pixel 
averaging and FSD pyramid methods have a lower contrast than those of the DWT method and the 
proposed method, for example, the texts in the testing card are not clear in Figs.1 (c) and (d), but they are 
clear in Figs.1 (e) and (f). However, it is hard to tell the difference between the results of the DWT 
method and the proposed method by subjective evaluation. Hence, in order to better evaluate these fusion 
methods, quantitative assessments of the performance of the four methods are needed. Three evaluation 
criteria including the stand variation (STD), the information entropy (IE), and the QAB/F  metric are then 
introduced and employed in the paper[13, 14]. The STD denotes the degree of deviation between the gray 
levels and its mean value for the overall image; the IE measures the richness of information in an image, 
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and the QAB/F metric reflects the quality of visual information obtained from the fusion of input images. 
Therefore, the larger their values, the better the performance.  
The above three evaluation criteria are then applied to evaluate the four fusion methods in Fig.1, and 
the detailed quantitative results are given in Table 1. From Table 1, we can observe that the values of all 
quality indices of the proposed method are larger than those of pixel averaging, FSD pyramid, and DWT 
methods, which means the proposed fusion method performs the best in the four fusion methods. 
 
     
(a)                                           (b)                                        (c) 
    
(d)                                          (e)                                         (f) 
Fig.1. Fusion results of multi-focus Pepsi images with different methods. (a) Near focused image; (b) far focused image; (c) fused 
image by pixel averaging; (d) fused image by FSD pyramid; (e) fused image by DWT; (f) fused image by the proposed method. 
Table 1. Performance Comparison of the Four Fusion Methods. 
 Pixel averaging FSD pyramid DWT Proposed method 
STD 43.638 42.769 44.278 44.495 
IE 7.000 7.014 7.049 7.072 
QAB/F 0.649 0.684 0.679 0.695 
4. Conclusions 
In this paper, by considering the main objective of multi-focus image fusion and the physical meaning 
of wavelet coefficients, a simple yet effective DWT based algorithm for multi-focus image fusion is 
presented. The main contribution of this work is that we have set a novel fusion rule for selecting the 
coefficients in the DWT domain followed by a consistency verification process. In the method, the fusion 
scheme of low frequency coefficients is based on a maximum sharpness based algorithm, while for high 
frequency coefficients, a maximum energy based selection algorithm is employed. A series of 
experiments on evaluating the fusion performance have been made and the results show that the proposed 
method outperforms several existing fusion methods.  
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